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Abstract 
An educational digital library may store a wealth of diverse educational resources targeting different audiences from young 
schoolchildren to graduate students to school and college teachers. With the growth of the volume and the diversity of the library, 
it becomes increasingly difficult for the users to find resources, which are relevant to their age, educational needs, and personal 
interests. Social navigation techniques could provide valuable help in this context guiding users to the most useful information. 
Social navigation works by processing traces of past user behavior and using the assembled “collective wisdom” to guide future 
users. The paper reports our work on the design of social navigation infrastructure for Ensemble, a major educational digital 
library. We present the organization of both sides of the social navigation process: how social wisdom is collected and how it can 
be used to guide portal users to valuable resources. We also report the results of our most recent evaluation of the social 
navigation infrastructure. 
Keywords: social navigation, digital library, portal, navigation support  
1. Introduction 
Recommender systems and other kinds of personalization is one of the recognized priority research direction in 
the field of Digital Libraries [4]. Personalization is especially important for educational digital libraries (EDL). The 
results of several research projects show that both, the ability to formulate good queries in the search process and the 
ability to choose appropriate links in the navigation process requires relatively high level of background or subject 
knowledge [3]. We can hardly expect that less prepared students will be able to locate relevant resources even in 
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relatively small EDL where a query typically returns dozens of hits. However, it's exactly these less prepared 
students, including users coming from underrepresented groups, who need most the access to relevant high quality 
material. With further accelerated growth of digital libraries traditional ways of access may become challenging 
even for domain experts. 
A traditional university library provides a number of ways to support students locating relevant resources. In 
addition to universal search interfaces that stay the same for every patron, libraries support several ways of 
personalization. Teachers use course reserves to provide their students with easy access to the most relevant books. 
Personal reserves allow students storing once found books so that next time they can start working with these books 
without search. Library administration can adapt to the needs of a specific group of patrons (e.g., Biology freshmen) 
by organizing focused sections that contain a high proportion of books relevant for this group. Traditional libraries 
also help students to find relevant books by social navigation [7]. Following their peers with similar needs and 
interests, students can easily locate sections and shelves where relevant books are located. "Wear and tear" of 
different books directs them to the most used resources. Marked book pages and pencil comments allow finding 
fragments that are important for a specific course. (For that reason many student are known to prefer used 
textbooks.) Finally, the highest level of personalized support can be provided by an expert reference librarian. A 
good librarian can recommend relevant books for a specific course that were overlooked by a teacher or that arrived 
recently. She can examine a pile of books selected by a student and suggest which ones will be most helpful to the 
student’s course needs and interests. She can also recommend books that are similar by content to selected books or 
books that are typically picked out by other students with similar needs and interests. 
It has been already recognize that EDL should attempt to replicate known personalization approaches to serve 
their users better. A number of recent projects have already started to explore various ways of to offer personalized 
experience to the users of such libraries [8; 11; 14; 16]. For our NSDL Ensemble project [9], which is a large 
collaborative effort to build an EDL on computing, personalized support was one of the main goals. Our first target 
is social navigation mentioned above. Social navigation works by processing traces of past user behavior and using 
the assembled “collective wisdom” to guide future users. There are two forms of social navigation: collaborative 
filtering and history-enriched information spaces [7]. While the majority of projects exploring social navigation are 
exploring collaborative filtering, we attempt to employ both groups of techniques.  
The Ensemble portal is engineered to collect various traces of user interaction with the portal and to use this 
wisdom to guide future users of the portal using adaptive link annotation and link recommendation. This paper 
presents this process in detail. It explains how social wisdom is collected by various portal components and how it 
can be used to guide portal users. It also reports the results of our most recent evaluation of the social navigation 
infrastructure. 
2. Ensemble: A Portal for Computing Education  
Ensemble is the Computing Portal in the US National Science Digital Library (NSDL), an ambitious project to 
provide access to learning materials and resources for education in the Science, Technology, Engineering and 
Mathematics (STEM) disciplines at all age and education levels.  Ensemble provides a distributed portal to such 
materials, allowing both multiple sources and also multiple access points to those resources. In these aspects, 
Ensemble is similar to other large-scale projects focusing on developing focused educational portals such as MACE 
[17] or Organic.Edunet [11]. Ensemble explicitly supports the role of a library as more than a repository by 
emphasizing a role as a gathering place, a place for sharing, for finding others with similar needs and interests, a 
place for meeting to work on a common project, a place for highlighting people and resources of particular interest.   
The key component of Ensemble is the Web portal: www.computingportal.org.  The portal presents easy access 
to recognized collections and to tools found useful by computing educators.  It is also a central meeting place for 
communities who are interested in various aspects of computing education.  The three themes of the portal: 
collections, communities, and tools, are interrelated and together represent a social connection among people and 
between people and resources. This social interconnection is the focus of this paper. 
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3. Social Navigation in Ensemble: An Overview 
The collective wisdom in Ensemble is assembled by tracking various actions of portal users. The Ensemble portal 
tracks both traditional low-level user actions such as resource browsing, rating, commenting, and tagging; and 
higher level structural actions such as fragment extraction and composition. The information about all these actions 
is accumulated in the user modeling server of the portal, which processes this information and makes it available to 
social navigation services (Fig. 1). 
  
   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. The social navigation architecture of Ensemble portal. Various traces of user actions are collected and processed by the user modeling 
server. The accumulated “wisdom” of the user community is used by personalization services to provide social navigation. 
Following the nature of Ensemble as a meeting point for various groups interested in computing education, the 
Ensemble portal processes the collective wisdom on two levels: the portal level and the group level. The portal level 
integrates traces of all portal users, while the group level integrates actions of a specific community or group of 
users such as, for example, a CS1 community, a group of users focused on the first-year course in computer science 
(http://www.computingportal.org/cs1). Each user working with Ensemble can explore the portal as a member of 
such a group. In this case, each action of this user contributes to both the portal wisdom and the wisdom of her 
current group. In turn, an association with a specific group enables group-level social navigation, i.e., exploring the 
portal as a member of a group, the user is guided by both portal-level and group-level wisdom.  
Group association is neither mandatory nor exclusive. A user can explore the portal without a group association 
(in this case only portal-level wisdom is used). A user can also belong to several groups and communities and 
change her current group at any time. However, at any given time the user can be dynamically associated with one 
group and explore the portal from one perspective since social navigation guidance offered by different groups could 
be contradictory.  
4. Collecting Social Wisdom in Ensemble 
Ensemble integrates experiences of several earlier social navigation projects and tracks a wider set of user actions 
than earlier systems. Feedback actions, which are traditionally used in social navigation systems, are focused on a 
specific resource and provide explicit or implicit feedback on that resource. These actions can be used to estimate 
user and group level of interest in the resource. Application actions comprise using resources in the context of user 
needs. The usage is traced on both the level above and below stored resources. The level above means composing 
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artifacts from several resources (such as the Ensemble guided path mechanism). The level below means extracting a 
fragment of the resource for re-use. Tracking these actions allows Ensemble to support more sophisticated social 
navigation.  
4.1. Tracking User Navigation 
Ensemble uses Drupal, a content management system that has gained popularity for its dynamic features. Instead 
of traditional log files, Drupal uses database tables to store user activities. The tracking is done both on anonymous 
and authenticated users. Based on user-id, we can track what pages a user viewed on a particular date. It also lists 
the hostname, which can be used to track down the geographic origin of a page request. Tracking user browsing 
outside the Drupal portal is more complicated and can be done by using embedlets (see section 6) and Google 
Analytics. Both kinds of browsing history can be processed by the user modeling server and applied to provide 
social navigation. For example, link annotations attract user attention to resources that are most popular among the 
group users, while link generation can recommend resources that were visited next by users from the same group in 
a similar context. More details on link annotation and generation can be found in section 6. 
4.2. User Direct Feedback: Comments, Ratings, Tagging 
A modern state-of-the-art educational portal is expected to offer three kinds of user feedback, known as CRT 
(Comments, Ratings, Tagging) [1; 17]. Comments and ratings are examples of explicit feedback; they allow users 
who have enough interest in a resource or a post to augment the content in some way. These types of feedback 
originated from e-commerce sites such as Amazon.com, where ratings and reviews by visitors with experience with 
the product serve to identify characteristics of the product that will be of interest to potential buyers. Brought to the 
DL world by pioneer projects such as Merlot [12], these forms of feedback demonstrated their ability to guide portal 
users to most useful resources.  
Comments are the most extensive.  The user contributes something to the item by extending the information 
provided or by providing feedback to indicate the strengths or the weaknesses of what has been posted.  The 
comment can be substantive to the point that it rates nearly as high in importance as the original submission, or the 
comment can be a simple reinforcement of what was submitted previously. Ratings are brief and require minimal 
effort on the part of the visitor.  As implemented in the Ensemble portal, ratings mean indicating a score of 1 to 5 
stars, with the number of stars corresponding to the quality of the item in the opinion of the visitor.  A rating that 
does not include a comment may not be of great value for an end user.  However, due to their numeric nature, 
ratings provide the most usable information for collaborative filtering and social navigation. 
Tagging is the labeling of the item that allows the users to organize information.  In the Ensemble project, we 
have provided both controlled vocabulary and free form (community) tagging.  The advantage of the controlled 
vocabulary, here specifically the computing ontology [5], is that the same word or phrase will be used consistently, 
aiding in effective search and classification.  The advantage of community tagging is the ability of the user to 
express what they believe are the relevant features of the item without having to compromise their expression when 
the controlled vocabulary does not match their need very well.  Both are valuable and we will explore the usefulness 
of both as the project progresses. 
In the social navigation component of Ensemble, the CRT feedback is used in two ways. First, they all indicate 
user interest in various items. Second, they allow the system to identify items that are similar from the user behavior 
perspective. This data is used to generate links to similar resources. 
4.3. Fragment Selection: Superimposed Information in Ensemble 
One of the main goals of Ensemble is to enhance the application of stored information by providing users access 
to content both below and above the stored level. Ensemble provides support for superimposed information - the use 
of fine-grained fragments from existing data sources in new contexts.  The main concept is that potentially fine-
grained selections from an existing document or digital object can be referenced (using an appropriate addressing 
scheme) and then used in a variety of ways.  We and our colleagues have built a variety of tools that allow users to 
select portions of MS Office, XML, PDF, and HTML documents and structure, annotate, and elaborate them in a 
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scratchpad tool [6].  For example, users can highlight and label appropriate selections from an electronic copy of a 
textbook with the appropriate learning objective from a university database course [2]. Our data shows that 
superimposed information is useful for end users and information access tools (i.e., to improve document [13]). 
Ensemble implements support for superimposed information using Fedora.  The implementation allows a user 
easily to create what we call subdocuments – the selected portion of an existing digital object – as a first-class object 
in a digital library.  An author can select a portion of a web resource, annotate it graphically in situ, and then save 
the resulting annotated excerpt as an object in a digital library, along with metadata that specifies the address of the 
entire original resource, including a link to the specific section used. For each such object, we also create a view 
consisting of a web page that displays the annotated excerpt along with a link to the original resource. Our work 
enables all user actions against subdocuments to be logged.  More than that, Ensemble can track the creation of 
subdocuments as well as their use in more complex, superimposed digital objects, including Waldens’ Paths, 
described in the next section. The information about fragment extraction, annotation, and reuse provides valuable 
information for social navigation mechanisms of Ensemble. 
4.4. Feedback by Composing: Waldens’ Paths 
In addition to the ability to extract information, Ensemble allows the user to compose information active above 
the storage level. This ability is supported by a guided path mechanism known as Walden’s Paths [15]. A guided 
path is an organized and annotated collection of resources composed by an end user. Superficially a path has many 
attributes in common with a resource list, since it is essentially a collection of links with annotations like some 
resource lists. However, the path provides a collection of resources external to the path but still part of the path, 
unlike resource lists, the in situ nature of its annotation makes it possible for an author to form a narrative structure 
while still containing the resources of interest.  
This system provides users with authoring and viewing interfaces. The authoring interface allows users to 
compile their resources and add annotations in order to construct a narrative structure while maintaining the original 
form of the individual resources. The resources and their annotations create a linear structure, the better to facilitate 
the path creator’s constructed narrative.  After the user has completed authoring a path, they may chose to make it 
publicly available or may choose to provide the path’s URL directly to the other users. The viewing interface allows 
users to view paths. When viewing a path, the user sees the original resource inside of the interface as well as an 
external hyperlink containing the original resource’s URL. If the user navigates off of the guided path the 
navigational interface changes to notify the user that he has ventured off the guided path. At any point, if the user 
wants to return to the guided path from his self-guided exploration, he may click the “back to path” button to return 
to the point in the path where he last left off. 
In practice, a path acts as a communication medium through which a creator can interact with a user. A creator 
can be a teacher providing education materials to a class or to other teachers, or a student creating a path to 
demonstrate their understanding of a topic to the teacher or other students—indeed in our experiences with 
Walden’s Paths we have observed all of these cases. Outside of the formal educational setting, a path author can be 
any person who is interested in providing a constructed narrative around a set of web resources.  In essence, 
Walden’s Paths becomes the intermediary through which previously disconnected resources are contextualized and 
communicated.  Being important in DL context for a range of reasons, Walden’s Paths serve as an invaluable source 
of information for social navigation. The creator’s decision to include a resource into a guided path indicates user 
and group interest in this resource, which can be used for social annotation. The co-location of items in various 
paths and their annotation provide a reliable way to estimate resource similarity from a perspective of a specific 
group. The discovery of this similarity is critical to generating links to recommended items.  
5. The Mechanisms for Social Navigation  
To account for the distributed nature of Ensemble, the portal uses a service-based personalization approach. All 
kinds of social navigation are provided by the personalization engine PERSEUS, which is independent from the 
portal. As a result, social navigation to portal resources can be provided not only inside the main portal, but also 
within its various components and tools (such as Walden’s Paths) and even on personal sites of users who apply 
portal resources for their needs.  
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The PERSEUS engine is able to offer social navigation support for any list of links to resources inside or outside 
the portal. Inside the portal, these lists of links can be found in the terminal nodes (leaves) of the portal’s traditional 
hierarchical organization. In this case, this list of links corresponds to a group of similar resources collected and 
classified by the portal, for example, a group of links to applets demonstrating various sorting algorithms. Outside 
the portal, this list of links can appear, for example, on a Web site of the instructor as resources assembled to support 
a specific lecture.  
To extend this list of resources with social navigation support, the list should be included in an embedlet, a 
specific fragment of HTML, which is responsible for both tracking user browsing and generating social guidance. 
When a Web browser renders this embedlet, the list of resources along with the information about the current user 
and her group is sent to PERSEUS.  PERSEUS contacts the user modeling server and produces two kinds of social 
navigation support for this list: social visual cues and personalized recommendations (Fig. 2). Social visual cues 
annotate links in the original list showing their relevance to the current community. PERSEUS can provide several 
kinds of visual cues, however so far, ENSEMBLE uses only one kind, the traditional “wear” cues [10] that indicates 
the resources that are most popular in a group by color intensity (Fig. 3). The more intense the color is, the more 
popular is the resource. Personalized recommendation extends the original list with other resources that are 
considered similar to the resources in this list from the perspective of the current group. To distinguish between the 
original and the recommended resources, the links to recommended resources are annotated by the star icon (Fig. 3).  
 
 
Fig. 2. Scenario of personalization service engine's operation. 
Fig. 3. Social navigation support on a portal (left) and a static web page (right). 
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6. The Evaluation of the Social Navigation Architecture 
To test the feasibility of the service-based social navigation approach developed for the Ensemble portal, we 
performed an experimental evaluation of PERSEUS working in a social navigation service mode. The goal of this 
evaluation was to test PERSEUS under heavy loads and determine its performance limits. To accomplish this, we 
used a technique discussed in [19]. We set up two machines: one with the PERSEUS engine, and the other with a 
special “flooder”. The role of the “flooder” was to imitate the personalization service client, subject the 
personalization engine machine to various types of load, and record the observed parameters. 
To simplify the experiment, discrete values of load parameters were used. The parameters of the load were the 
following.  
- Complexity of the request. The majority of our portal lecture folders had roughly 20 resource links to 
personalize. In addition, we used two more values for complexity: 5 resources, to represent a “lightweight” 
folder, and 50 to signify a folder “overloaded” with resources.  
- Request delivery rate – delay between consecutive requests. From our experience with user modeling 
services [19] and initial experiments with a personalization service engine, we had already learned that a 
delay of 10ms between requests is critical for our hardware/software configuration. In addition, delays 
between requests of 160ms and more did not present any challenge. Hence, we varied the request delivery 
rate parameter between 10 ms and 160 ms. Rates between boundaries were doubles of the previous value, 
giving us 5 loads: 10, 20, 40, 80, and 160 ms. 
- Duration of the load. From prior experimentation we knew that the duration did not really matter, unless it 
was a peak load of 10ms or 20ms between requests. During these peak loads, the personalization server 
would stop responding to any requests at all after 30 seconds. We decided to keep the load sessions fairly 
short – a little less than 4 seconds (3,840ms, divisible by all delivery rates).  
To obtain more data we repeated the flooding sessions 5 times for each of the three request complexities and each 
of the five request delivery rates, giving us 3 x 5 = 15 different settings. During these sessions we observed the 
following parameters: 
- Mean response delay—the average amount of time it takes to complete a request. 
- Request success rate—the fraction of requests that completed successfully. For the least demanding load of 
160 ms between requests, the amount of requests sent per each flooding session was 3,840/160=24. For the 
highest load of 10 ms between requests, it was 3,840/10=384.  
The personalization service engine was run on a Pentium 4 dual core 2.8 Mhz processor with 1Gb RAM. The 
user modeling server that the personalization service engine depended on was running on the same machine. To 
compensate for the high speed of wired intranet, we used a WiFi network to communicate with the personalization 
engine. It also provided a realistic scenario for students who would be accessing adaptive content outside their fast 
university campus LAN. 
In our experiments we were trying to answer three questions. First, what is the highest load the PERSEUS’s 
social navigation service can cope with without performance degradation. Second, how large is the user population 
that it can effectively support. And third, what is the share of PERSEUS in the overall request delay and when is this 
share significantly different from network-induced delay. 
The answer to the first question is summarized in Table 1. Depending on the request complexity the highest 
acceptable loads were 20, 40, and 80 ms between requests to provide social navigation for 5, 20, and 50 resources, 
respectively. In all three cases, PERSEUS’s response was quite fast. In the worst case (50 resources per request) 
95% of the requests finished in 200ms, which is nearly instantaneous for a human observer. 
 
Table 1. Summary of performance evaluation results 
 
Request complexity Highest acceptable load Time to complete 95% of requests 
5 resources 20 ms between requests 25 ms 
20 resources 40 ms between requests 50 ms 
50 resources 80 ms between requests 200 ms 
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Fig. 4. Request time distribution: network communication, CUMULATE and PERSEUS. 
While attempting to answer the second question – size of the supported user population - we based our estimation 
on the user activity observed in our earlier classroom studies [18]. A class of 37 students working together 95% of 
the time produced fewer than 7 requests per minute. Since a typical page request contained roughly 20 resources that 
needed social annotation, we based the estimation on the results for the medium complexity requests obtained 
above. A load of 40 ms between requests was previously confirmed to be the maximum PERSEUS can effectively 
handle in this context. 40ms between requests is 60,000 / 40 = 1,500 per minute. Our class of 37 students produced a 
maximum 7 requests per minute, whenever they were working with the system. Thus, to reach the allowed request 
maximum of 1,500, (37*1500 / 7) ≈ 8,000 students have to be actively involved. 
The third and last question pertaining to the PERSEUS’s performance is its timeshare in the overall page-
rendering delay. We were comparing PERSEUS’s timeshare to the cumulative network delay and the timeshare of 
the user modeling server CUMULATE [19] used by PERSEUS. As it turned out, the split between the three was 
roughly equal, without significant advantage of one or the other across all request complexities and delivery rates. 
7. Summary and Future Work 
 This paper argued for the need to extend digital libraries with social navigation features and demonstrated how 
social navigation can be implemented in the context of a large distributed educational DL, the Ensemble computing 
portal. We demonstrated a range of user interactions, which can be tracked to form the collective wisdom and 
presented an architecture that is able to apply this wisdom to guide future users of Ensemble. The social navigation 
approach is already used in some components of the portal. The evaluation shows that even a single-server 
implementation can support much a larger volume of users than we have now.  
In the future, we plan to extend a range of social information access approaches offered by Ensemble by adding 
collaborative filtering and social search.  
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